Abstract-Disconnection from mechanical ventilation, called the weaning process, is an additional difficulty in the management of patients in intensive care units (ICU). Unnecessary delays in the discontinuation process and a weaning trial that is undertaken too early are undesirable. In this study, we propose an extubation index based on the power of the respiratory flow signal (Pi). A total of 132 patients on weaning trials were studied: 94 patients with successful trials (group S) and 38 patients who failed to maintain spontaneous breathing and were reconnected (group F). The respiratory flow signals were processed considering the following three stages: a) zero crossing detection of the inspiratory phase, b) inflection point detection of the flow curve during the inspiratory phase, and c) calculation of the signal power on the time instant indicated by the inflection point. The zero crossing detection was performed using an algorithm based on thresholds. The inflection points were marked considering the zero crossing of the second derivative. Finally, the inspiratory power was calculated from the energy contained over the finite time interval (between the instant of zero crossing and the inflection point). The performance of this parameter was evaluated using the following classifiers: logistic regression, linear discriminant analysis, the classification and regression tree, Naive Bayes, and the support vector machine. The best results were obtained using the Bayesian classifier, which had an accuracy, sensitivity and specificity of 87%, 90% and 81% respectively.
I. INTRODUCTION
Mechanical ventilation is the principal medical procedure used in intensive care units to assist patients with acute respiratory failure. Around 50% of patients in intensive care units require mechanical ventilation [1] - [3] . This process can be applied in an invasive or noninvasive form.
Weaning is the process of transferring the work of breathing from the ventilator back to the patient, and is still one of the most challenging problems in clinical practice [4] , [5] . Withdrawal of mechanical ventilation should be performed as soon as patients can breathe on their own. Both unnecessary delay and premature weaning may have adverse effects on patient outcome, prolonging mechanical ventilation and length of stay in the intensive care unit [6] , [7] . When mechanical ventilation is discontinued, up to 25% of patients have respiratory distress severe enough to require reinstitution of ventilator support [8] .
Several studies have been performed to identify physiological variables that are useful indicators for undertaking a weaning trial [9] - [11] , strategies to reduce the duration of mechanical ventilation and risk factors of unsuccessful discontinuation [12] , and whether mortality in mechanically ventilated patients has changed over time [13] .
In addition, criteria like minute volume, maximum inspiratory pressure, tidal volume, rapid shallow breathing, and CROP (compliance, resistance, oxygenation pressure) have been analyzed as indicators to determine whether a patient can come off the ventilator. Most of these tests are sensitive, but not specific [14] , [15] . Therefore, the process of discontinuing mechanical ventilation is still one of the most challenging problems in intensive care.
In this study, we propose a new index to characterize the respiratory dynamic of patients on an intensive care unit undergoing mechanical ventilation and in the weaning process. This index is based on the signal power of the respiratory flow (Pi), obtained from the inspiratory phase. For each inspiratory phase: a) the zero crossing time (tz) is detected, and validated according to an energy threshold (Ez); b) the time of the maximum inflection in the inspiratory phase (ti) is calculated; and c) the cumulative energy (Ei) between tz and ti is calculated. Finally, Pi is defined as the ratio between Ei and its time interval (ti -tz).
This new Pi index was used to identify patients with successful spontaneous breathing trials and patients with unsuccessful trials. Classifiers such as logistic regression, linear discriminant analysis (LDA), and the classification and regression tree (CART), the Naive-Bayes technique, and a support vector machine (SVM) were used to determine the best results. The aim of this study was to assess the contribution of this new index to identifying patients who could successfully wean. The results were evaluated in terms of accuracy, sensitivity and specificity.
II. METHODOLOGY

A. Datasets
Respiratory flow signals were recorded for 132 patients on weaning trials from mechanical ventilation, at Santa Creu i Sant Pau Hospital, Barcelona, Spain, and Getafe Hospital, Getafe, Spain. All subjects were studied according to a protocol approved by the local ethics committee. Patients undergoing a spontaneous breathing trial were disconnected from the ventilator and left to breathe through an endotracheal tube for 30 min. If the patients maintained spontaneous breathing with normality they were extubated, otherwise, they were reconnected. When patients still maintained spontaneous breathing after 48 h, the weaning trial process was considered successful; otherwise, the patients were reintubated. According to the clinical criteria, the patients were classified into two groups: group S, 94 patients (61 male, 33 female, aged 65±17 years) who weaned successfully; and group F, 38 patients (24 male, 15 female, aged 67±15 years) who failed to maintain spontaneous breathing.
B. Characterization of Respiratory Flow Signals
In order to obtain the power signal of the respiratory flow for each inspiratory cycle, the next parameters were extracted: the time value to zero crossing named tz , the time value of the maximal inflection named ti , and the cumulative energy of the signal between these two time intervals named Ei . Finally, the Pi index was calculated.
-Zero crossing detection. The respiratory flow signal was analyzed by computing the difference between two consecutive points. Zero crossing is the point where the sign of these differences changes. The inspiratory cycles are detected when the changes are from negative to positive values. To define a correct detection, the energy for the following points of the signal is calculated by (1) where x(t) is the respiratory flow signal, and Ea (t) represents the energy accumulated since the last zero crossing in tz, up to t. The threshold energy to consider a valid zero point was fixed at 0.1(L/s) 2 . A correct zero crossing, called tz, was defined when Ea (t) was above this threshold. Figures 1(a) and (c) show an example of a zero-crossing detection.
-Inflection point detection. The next step was to detect an inflection point after the zero crossing. This point is determined by changes in the curvature of the signal, and is obtained using the second derivative (Figures 1[b] ). The new point is called ti . 
C. Classification Methods
In order to assess the Pi index for classifying successful and unsuccessful patients on weaning trials from mechanical ventilation, the following methods were applied. The leaveone-out procedure was used to validate the results.
-Logistic regression (LR)
is an approach to prediction, such as ordinary least squares regression, from a categorical outcome through one or more predictor parameters [16] . The model is given by (3) where P is the occurrence probability of an event of the xi index, and 1 is the weight of the parameter. The coefficients are estimated using the maximum likelihood method.
-Linear discriminant analysis (LDA) is used to find a linear combination of features that characterize two or more targets. This method maximizes the variance ratio between and within-class in any data set, guaranteeing maximal separability [17] . It has been defined as (4) where xi and μ0 are the independent parameters and independent term, respectively, and μ1 is the discriminant function coefficient.
-Decision tree uses a predictive model to try to best predict the probability of an outcome. The classification and regression tree (CART) analysis covers both functions. This method usually works top-down, by choosing a variable at each step that best splits the set of items. The inputs are represented by a set of predictor attributes [18] , [19] .
-Naïve Bayes Classifier is a probabilistic classifier based on Bayes' theorem applied to supervised classification with discrete data. There are different types, depending on the relationship of dependence between the predictor variables [19] . The classification model is based on the independent predictor variables Xi (symptoms variables), given the class variable C (diagnostic variable). The most probable a posteriori diagnosis c * , known of symptoms X=(X1,…,Xn), can be considered as the state C with the highest a posteriori probability, and is given by (5) -Super vector machines (SVM) are based on transforming data into a higher dimensional space to convert a complex classification problem into a simpler one that can be solved by a linear discriminant function, known as a hyperplane, and defined by [20] , [21] ( 6) where αi and b are determined to solve a large-scale quadratic programming problem, for which efficient algorithms exist that guarantee global optimum values.
D. Performance evaluation measures
The differences between groups were tested by the Mann-Whitney U test. The quality of the results was analyzed in terms of accuracy (Acc), sensitivity (Sn) and specificity (Sp) in each case. These measures are built from a confusion matrix, which shows a binary classification where (the values) tp are true positive, fp false positive, tn true negative, and fn false negative [22] . These measures are defined as (7) III. RESULTS Firstly, the respiratory flow signals were preprocessed. A smoothing filter of 20 samples was applied. Secondly, the times of zero crossing and the inflection point of the inspiratory cycles were calculated. Figure 2 shows an example of the marks of these times in some respiratory cycles, and the area under the curve that was used to calculate the power. Thirdly, the Pi index was calculated for each inspiratory cycle. Figure 3 presents the power index Pi obtained for successful and failed patient groups. Considering a signal length of 1 min, the mean and standard deviation of the Pi index was calculated. According to the results, this index present statistically significant differences (p-value < 0.0001) in comparisons of the successful (2.99 ± 2.68) and failed groups (3.76 ± 3.59). The performance of the parameter was evaluated using the following classifiers: logistic regression (LR), linear discriminant analysis (LDA), the classification and regression tree (CART), Naive Bayes (NB), and the support vector machine (SVM). Table I presents the results obtained with these classifiers, in terms of accuracy, sensitivity and specificity, as the mean and standard deviation of the signal length of 1 min. The CART and NB classifiers had the best classification rate at 81% and 87%, respectively. All classifiers had high specificity values, particularly the CART, NB and SVM, but with the best sensitivity result was obtained with the NB classifier.
The performance of the Pi was also analyzed with respect to signal length for ranges from 0.5 and 1 to 5 min. Figure 4 presents the accuracy evaluated in these signal lengths. The results show that with a length of 1 min the naive Bayes classifier performed better than the other classifiers. 
IV. CONCLUSIONS
In this study, we have proposed a new Pi index calculated from the power for each inspiratory cycle. The procedure involves the following steps: define the interval time to calculate the power of the signal, calculate the power index, and use this index to classify patients who have succeeded in the extubation process and patients who have failed.
The interval times used to calculate the energy information of the signals were obtained from the time of zero crossing up to the inflection point of the inspiratory cycle using the second derivative of the signal as a criterion. The threshold to determine a correct zero point was fixed at 0.1(L/s) 2 
.
The power index calculated from the energy of the signal showed statistically significance differences between the two groups of patients, and was higher in the failed group than in the successful group.
With signal lengths of 1 min, the best classification was obtained using the Naive Bayes classifier (87%), which had the best relation between sensitivity (90%) and specificity (81%). According to these results, 1-min signals could provide relevant information about a patient's condition. Thus, an advantage of this new index is its prognostic value using short respiratory flow signals. Although promising, the significance of the results needs to be further established on a larger set.
